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Abstract 
Purpose - The purpose of this paper is to explore the degree to which absorptive capacity and 
previous innovative performance affect network dynamics, specifically in the creation or 
destruction of inter-business relationships. 
 
Design/methodology/approach - The empirical study has drawn on the data collected in an 
industrial cluster located in the Valencian Community in Spain. This population of firms 
allowed us to test various roles played by network endogenous forces, absorptive capacity and 
former performance in the creation and dissolution of inter-organisational linkages. We 
followed an evolutionary approach and applied network analysis techniques. 
  
Findings - Empirical evidences suggest that absorptive capacity and previous innovative 
performance are predictors of inter-business relationships. Absorptive capacity affects the 
emergence of linkages in the technological network, due to the tacit nature of technological 
knowledge. On the other hand, previous innovative performance is an indicator to identify 
leaders companies. These companies tend to increase the reception of request for advice from 
local firms. Moreover, prestigious companies tend to be more selective in choosing 
collaborators. 
 
Practical implications - This study helps researchers and managers better understand network 
dynamics. The generation of inter-organisational relationships in clusters can be determined by 
cognitive proximity and prestigious status in the network. These evidences are relevant in a 
mature cluster where knowledge is asymmetrically distributed. 
 
Originality/value - Over the last few decades, studies on industrial clusters have evolved from 
the "canonical" standpoint. Nowadays, researchers usually take a more sophisticated and richer 
view of this reality, mainly as a consequence of the inclusion the proximity concept, intra-
cluster heterogeneity and advanced analysis of overlapping between networks and territory. 
Thus, we try to add some empirical evidence along these lines. 
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Over the last few decades, there has been a great proliferation of papers on the creation, 
evolution and effects of business networks, based on their influence on the innovative 
performance of companies. Industrial clusters, which are an example of relational 
architecture limited to a specific geographical area, are no exception (e.g. Ibrahim et al., 
2006; Pullen et al., 2009; Clauß, 2012). Although several papers have shed some light 
on what determines the formation of these relational structures, the genesis and changes 
in inter-organisational networks still require special attention. This is not so necessary 
for the endogenous mechanisms of the network per se (Rivera et al., 2010), but more so 
for the role of the attributes of actors involved and the consequences for the structure, or 
in their position (Lee, 2010). 
 
Following an evolutionary approach (Nelson and Winter, 1982), relationships among 
businesses emerge, change or disappear partly due to the profile of the knowledge base, 
absorptive capacity or prestige of the actors involved. Changes brought about by the 
actors' profiles lead to variations in the whole of the global structure of the inter-
organisational network to which they belong. Several papers on industrial clusters have 
adopted this evolutionary view over the last decade (Bell, 2005; Giuliani and Bell, 
2005; Boschma and Ter Wal, 2007; Giuliani, 2007; Morrison and Rabellotti; 2009, 
among others), and believe that, in these territorial systems, there is a cross-over among 
multiple networks where various actors interact, evolve and contribute to the 
development of a specific geographical context. In this spider web of networks, two are 
clearly identifiable - one of technological knowledge, and the other for business 
information. While mainly tacit knowledge about product and processes flows through 
the former, the latter contains more coded information relating to organisational or 
marketing aspects (Lissoni, 2001). 
 
Recently, these evolutionary ideas have been enthusiastically adopted by scholars 
interested in the spatial dimension (Boschma and Frenken, 2010; Giuliani, 2013; 
Balland et al., 2013). Going beyond the usual emphasis on geographical proximity, the 
new perspective extends the set of pertinent factors for understanding the dynamics of 
inter-organisational relationships, and especially includes the actors' characteristics and 
gives a prominent role to Path Dependence. This recognises how certain contingent 
events trigger relevant behaviour. The relational dynamic tends to be reproduced even 
	
 3 
in the absence of the forces that originally enabled their creation, and there are certain 
features in the reproduction processes that prevent or hinder change. 
 
Despite the efforts made in this area so far, in our view, there are still some issues that 
need further attention. Firstly, the recognition of the presence of multiple types of 
networks requires a specific study of the network dynamics in each context, 
highlighting the existing differences and similarities between them. Secondly, aspects 
such as the causal link between networks and innovation has received little attention 
(Harhoff et al., 2014), where most of the limited literature focus on the impact of the 
network on innovation, and understate the opposite impact of innovation on the 
network. Networks are extremely important for accessing knowledge, which when 
appropriately re-combined, leads to innovation. However, certain innovative past 
actions can function as signposts that later determine the relational dynamics (Ryall and 
Sorensen, 2007). Finally, although some papers concentrate on analysing the relevance 
of endogenous forces and the characteristics of companies belonging to the network 
(Balland, 2012; Balland et al, 2013; Giuliani, 2013, Cassi and Plunket, 2014; Ter Wal, 
2014), empirical evidence is limited, due to complex methods or the difficulty in 
obtaining suitable databases1. 
 
Due to this research gap and using the above-mentioned evolutionary insights, our paper 
sheds light on the effects caused by company characteristics and the endogenous forces 
of the network on the relational dynamic of companies in two types of networks, i.e. 
technological and business networks, thus attempting to shed new empirical evidence 
on the dynamic evolution of the cluster. We will observe in particular the influence of 
innovative past performance and absorptive capacity on the creation or destruction of 
inter-business relationships in the two networks analysed, additionally exploring if these 
explanatory variables have different effects in both scenarios. The objective will be 
achieved by using an exponential random graph model (ERGM) and data from 36 
companies belonging to the Spanish foodstuffs cluster in Xixona. 
 
Following this introduction, the second section will give a brief presentation of the 
literature and the hypothesis. The third section describes the main characteristics of the 
cluster analysed. The fourth section contains aspects on methodology, econometric 
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techniques used and the outcomes. The research ends with the main conclusions and 
implications. 
 
Literature and Hypotheses 
Well-known papers based on Marshall's principles have, for years, emphasised the 
importance of geographical location as one of the driving forces in competition among 
businesses (Saxenian, 1994; Audretsch and Feldman, 1996; Capello and Faggian, 2005, 
among others). Geographical proximity promotes interaction and an exchange of 
knowledge among actors and boosts innovative performance.  
 
Recent papers show that mere geographical proximity is neither a necessary nor a 
sufficient condition for inter-organisational learning and successful knowledge transfers 
(Boschma, 2005). The benefits arising from locating in a cluster are not due to 
unplanned access to knowledge "floating in the air", but to selective interaction and 
informal contacts occurring among the actors making up the knowledge networks (Bell, 
2005; Giuliani, 2007).  
 
Taking part in any way in these knowledge networks is not automatic or homogeneous 
for firms located in clusters. For example, some "micro" characteristics determine 
access and the degree to which companies benefit from external resources, and this 
affects the conformation of the entire network (Boschma and Ter Wal, 2007). Put 
another way, heterogeneity at intra-cluster level affects the systemic structure, the way 
in which knowledge is transferred within the grouping, and how it is absorbed by local 
actors. 
 
Basically, inter-organisational networks enable companies to solve problems jointly, 
provide access to essential resources (Zaheer and Bell, 2005) or share knowledge. A 
novel combination of these knowledge or technological inputs acquired externally 
enables the company to design new solutions to issues relating to product launches, 
production processes, or organisational and marketing strategies (Nelson and winter, 
1982). Hence, the desire to innovate is the driving force behind companies searching for 




The scientific community has little doubt of the importance of networks to innovation 
(Fornhal et al., 2011). Companies set up relationships that furnish knowledge required 
to innovate, but aspire to minimise the effort required for this. Indicators, such as 
prestige and status, help firms to diagnose partners' potentialities or their stock of 
internal resources (e.g. the absorptive capacity). In this vein, a successful innovation 
trajectory attracts new partners, while a limited portfolio of innovation results raises 
barriers and leads to isolation. 
 
Hypotheses 
While information simply represents a flow of messages, knowledge is created and 
organized by the flow of information and also through a dynamic social process of 
mutual exchange and shared learning (Howells, 2012). The characteristics of knowledge 
shape the ways in which it can be absorbed by organisations. Knowledge can either be 
explicit (also called codified) or tacit (Polanyi, 1966). Explicit knowledge is expressed 
and communicated in formal and systematic form, while tacit knowledge is hard to 
codify and transfer.  
 
The absorptive capacity, defined as the ability to recognize the value of new 
information, assimilate it and apply it to commercial ends, is essential to successful 
knowledge transfer and acquisition (Cohen and Levinthal, 1990). A minimum threshold 
of resources and this particular capability are a “sine qua non” condition for 
compressing, transforming and disseminating knowledge (Caragliu and Nijkamp, 
2014). Once a certain level of this dynamic capability exists, firms can better integrate 
external knowledge into its own innovation practices, speeding up the creation of new 
products or processes (Teece, 2007). 
  
Due to its cumulative and path dependence nature, firms with solid related knowledge 
and experience present higher levels of absorptive capacity. Consequently, it may be 
easier for them to assimilate complex knowledge and overcome the difficulties related 
to the transmission of tacit knowledge such as asymmetric cognitive schemas or limited 
face-to-face interactions (Torre, 2008). In this vein, Mowery and Oxley (1995) 
specifically consider absorptive capacity as a broad set of skills through which an 




Clusters are conformations where multiple networks overlap (Bell, 2005), and local 
SMEs obtain significant benefits from the access to this set of explicit and tacit 
knowledge networks (Keeble and Wilkinson, 2000). Particularly, inter-organisational 
configurations through which technical knowledge and business information are shared, 
have been of particular recent interest. In this vein, Giuliani (2007) shows how the 
formation of these networks is driven by different underlying motivations. Firms with 
solid internal resources and the capability to absorb complex knowledge, are more 
prone to exchange innovation related knowledge with other cluster units. However, 
linkages formed for a business related matter are associated with the pervasive pattern 
of business interaction in clusters. Co-location and not firms resources and capabilities 
seems the key driver of business matter interactions. Therefore, it can be stated: 
 
H1: Absorptive Capacity matters more when establishing relationships in the 
technological knowledge network than in the business information network. 
 
Former performance influences the way in which a company evolves, makes decisions 
and adapts to the environment (Miller, 1994). Additionally, past performance can be 
used by others actors to identify future alliances (Fombrun and Shanley, 1990). 
Considering the results from past performance as a reputation status (Shapiro, 1983), an 
actor’s record on innovation is a pertinent indicator for the other members of the 
network (Gould, 2002) as it presupposes solid knowledge and internal resources (Van 
der Vegt et al. 2006). More recently, in connection with the concept of reputation status, 
Chandler et al. (2013) show how status and prestige influence firms’ relational 
dynamics, although with different levels of intensity. In addition, Giuliani (2013) has 
studied status as a valid and time-saving criterion for deciding which firms to approach 
for advice. 
 
A strong reputation based on past innovation performance, encourages local units to 
cooperate with successful companies (Cross and Cummings, 2004; Lee, 2010), and 
there seems to emerge a correlation between the creation of linkages and the innovation 
background (Baum et al., 2005). In this manner, status effects may drive the formation 
of new ties; firms guided by status when searching for technical advice will target 




In this sense, actors with low status may try to connect with others with high status in 
order to bring higher returns (Stuart et al., 1999). In consequence, the best-positioned 
actors in the network rapidly gain reputation because they are frequently cited, which 
contributes to their aura (Giuliani, 2013). Whenever identification of these leaders is 
easily obtained via observation or local broadcasting, the actors reduce their search 
costs and uncertainty by addressing them directly when establishing new collaborations 
(Ejermo and Karlsson, 2006). As a result, highly reputed actors may be considered more 
valuable and therefore more popular exchange partners (Ebbers and Wijnberg, 2010) 
because these relationships provide valuable resources and generate spillover effects by 
improving the status of the weaker companies (Podolny, 1993).  
 
On the other hand, firms exhibiting limited innovation records have little to offer to 
prestigious collaborators in order to counteract the high costs involved in cultivating 
new business relationships. Furthermore, if too much interaction with companies with a 
poor innovation profile is undertaken, leader's reputation status may be damaged. 
Consequently, actors with high status do not have an incentive to affiliate themselves 
with others with low status, not only because they would threaten the value of their own 
status (Benjamin and Podolny, 1999), but also because the risk of opportunistic 
behaviour (Ebbers and Wijnberg, 2010). 
 
Therefore, the following hypotheses can be set forth: 
 
H2: A successful innovation trajectory affects the creation of links between companies. 
 
H2a: A successful innovation trajectory has a negative effect on openness to proposing 
new collaborations. 
H2b: A successful innovation trajectory has a positive effect on openness to receiving 
proposals for new collaborations. 
 
Empirical study 
The foodstuffs cluster in Xixona 
According to the National Institute of Statistics, 77% of the 441 establishments 
comprising the Spanish confectionery industry elaborate products without chocolate or 
cocoa (including nougats and marzipan). Although there are some large firms, 70% of 
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the local companies have less than 20 employees, and many are family businesses. The 
geographical distribution of the industry is highly concentrated in certain regions 
(Catalonia) and cities (Estepa and Toledo). Among the cities, the production of turrón 
(a particular type of nougat) and Christmas confectionery in Xixona (Valencian 
Community) is a paradigmatic case. 
 
This small Valencian town of 8,000 inhabitants has benefited of the characteristics of its 
climate to manufacture turrón (see Figure 1). Since the XVth century, artisans have 
been mixing toasted almonds, honey, eggs and sugar to make this traditional 
confectionery. Except for the diet versions, the latest flavours and textures date from 
over one hundred years ago. The 20th century saw a period of technological 
modernisation and mechanisation leading to the construction of factories to cater for the 
needs of large-scale commercial production, although it is true that artisan techniques 
still persist in some micro-businesses. During the 1990s, problems relating to new 
trends in consumption, the availability and price of the inputs, difficulty in innovating 
and internationalisation have been detrimental to the cluster's development. In spite of 
the above, and helped by other food products (especially ice-cream), nougat and 
Christmas confectionery remain the driving force of the local economy in Xixona. 
 
Although Boix and Galletto (2006) identified the area as an industrial cluster, using 
ISTAT methods, there is still argument over various systemic aspects. In particular, 
March-Chordá et al. (2007) questioned aspects relating to cohesion and cooperation 
dynamics. In addition, the prevalence of heterogeneous behaviour at a strategic level 
fragments the business community in terms of strategic and competitive advantages 
(especially corporations versus SMEs). In short, it seems that the nougat manufacturers 
take advantage of their location, but some certain shortcomings make it difficult for 
them to benefit from the many technical and commercial synergies. 
 
Several organisations around the cluster support local manufacturers. The Nougat 
Business Association (TDC) founded in 1997 looks after the interests of the vast 
majority of local producers. It is there mainly to represent, coordinate, promote, train 
and advise its members. TDC promotes a culture of quality via seminars and takes part 
in projects designed to improve the image and global competitiveness of the sector 
(food safety, technology, design and advertising, marketing, on-line training, 
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information, among others). Its work was fundamental in obtaining the "Turrón de 
Xixona y Alicante" denomination of origin certificate in 1991. This award provides 
great benefits for sales, based on guaranteed quality of the product. Since then, the 
Regulatory Board has supervised maintenance of the original standards of quality and 
protects against imitations. Nowadays, 21 companies making 38% of national sales and 
42% of exports sell their products under this umbrella. TDC and the Regulatory Board 
have promoted cooperation dynamics in pursuit of new techniques and innovative 
processes, product renewal and the start of new sales practices. 
 
The three universities near to the cluster (the Polytechnic University of Valencia, 
University of Alicante and Miguel Hernández University) have not contributed suitable 
knowledge and have remained aloof from the real situation in the sector. The Food 
technological institute (AINIA), created in 1987, has also failed to develop a significant 
relationship with the cluster. In spite of the potential of this organisation, which belongs 
to the regional network of technological centres, the low relevance of the Xixona cluster 
within the whole agro-food industry limits the attention paid to specific local challenges 
in favour of the interest of the remaining 900 members. 
 
Questionnaire 
Data for this study were gathered in Xixona during the second half of 2011. Following a 
procedure similar to that described in Giuliani (2013), in a first stage and prior to the 
main field work, personal interviews were held with key manufacturers and institutions 
to obtain information on several aspects of the industry and cluster. The information 
acquired and the literature review were used to design the questionnaire and discuss the 
final outcomes. Following certain modifications derived from a pre-test made with 
representatives of the academic and business community, the final questionnaire was 
ready to be submitted to cluster firms. 
 
The profile of the data requested for our research and the characteristics of the 
population led us to choose the Roster-Recall method as the most appropriate for 
identifying relationships among companies (Giuliani and Bell, 2005; Boschma and Ter 
Wal, 2007; Morrison and Rabellotti, 2009; Giuliani, 2013). Each interviewee assessed 
their relationships with all local manufacturers and local suppliers from whom they 
received or transferred technical or market advice. In addition, the respondents were 
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invited to add more companies (competitors, customers or suppliers) with whom they 
had contact but did not appear on the list. 
 
Data collection 
The 36 manufacturers and local suppliers obtained from the databases provided by the 
TDC and the Regulatory Board answered the questionnaire. Peer Debriefing confirmed 
that only a few artisans (usually self-employed) had remained outside the process, and 
all significant actors had been interviewed. In the end, 24 manufacturers of 
confectionery products and 12 suppliers accepted the invitation to collaborate, 
representing a response rate of 100% suitable for a whole network approach 
(Wasserman and Faust, 1994).  
 
A technician with experience in innovation programmes who had worked in business 
associations held the 40 or 50-minute interviews with company owners or top 
managers. 
 
In our opinion, the interviewer's profile decisively contributed to the robustness and 
reliability of the field work. The relational data collected reflected the relevance of each 
inter-organisational contact depending on respondent’s perception. Both on technical 
and business aspects, questions rated the existence and importance of the different 
contacts from 0-3. The respective questions read as follows: a) From which of the firms 
on the list have you regularly asked for technical/business information during the last 
three years?; b) From which of the firms on the list have you regularly received requests 
for technical/business information during the last three years? . 
 
Using the Harmon test, common method bias was discarded once the exploratory factor 
analysis including all variables did not identified one single factor accumulating most of 
the variance. Table 1 gives the characteristics for the company: size, decade in which it 
was started, legal structure and international operations. In addition, it also gives 
information on membership of local organisations and the main business activity. Bias 
was ruled out. 
 





We now turn to an analysis of interaction among the firms included in the analysis. To 
such end, the data are organised into a relational matrix, where each column i and each 
row j represent a company, and the cell input is the value that company i places on their 
relationship with company j. This creates a directional or asymmetrical matrix, as the 
value perceived by company i does not necessarily match the value perceived by 
company j. Due to the method and software used, each cell conforming to the relational 
matrix has to be binary (take value 0 or 1). Therefore, we condensed the perceived 
relevance for each relationship into a dummy variable and coded values 2 and 3 as 1, 
and 0 for the remaining. We skipped the lowest value in order to ensure that only 
relevant interactions were used in the analysis. 
 
Explanatory variables 
The first of the hypotheses presented stated that the companies' absorptive capacity was 
more significant for creating relationships in the technological knowledge network than 
the business one. To test this, we constructed a variable according to previous papers 
(Giuliani and Bell, 2005; Giuliani, 2013) that had related absorptive capacity to prior 
experience and training levels. A factor analysis was used to condense information 
obtained from 4 items that included the percentage of employees with higher education 
and experience prior to 2005 and 2010, respectively. The value of the Cronbach’s Alpha 
was .811. Moreover, the Kaiser-Meyer-Olkin (KMO) measurement was greater than .5 
(KMO=.747). Therefore, it was appropriate to proceed with a factor analysis (Coakes 
and Steed, 2001).	
In order to contrast compliance of the second hypothesis, we set up another independent 
variable that condenses information on ten items relating to product innovation, 
processes, organisation and marketing during the period 2003-2005. Initially, four 
factors were created, one for each type of innovation (Cronbach’s Alpha >.7 and KMO 
>.5). Once obtained, the four factors were put together in a single global innovation 
indicator tested with a second-order factor analysis model (Bentler, 1993; Jöreskog and 
Sorbom, 1996). Here it was assumed that if the constructs were related to each other, 
they would all load on a higher order factor nominally called innovation. This procedure 
has been adapted from previous contributions such as Wang and Ahmed (2004), Alegre 
and Chiva (2008) or Jiménez-Jiménez and Sanz-Valle (2011). To gain a more refined 
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evaluation of our hypothesis, we made a separate observation of the extent to which the 
company would seek advice (ego effect) or provide it (alter effect), depending on the 
previous innovation trajectory. 
 
More variables were used to check whether other characteristics of the companies, 
namely age and position on the cluster's value system, affected the creation of linkages. 
We measured the first characteristic using the square root of the number of years since it 
was founded. The business activity was entered into the model using a binary variable at 
a value of 0 when it was the manufacturer, and a value of 1 if it was a supplier. Table 2 
shows the correlations between the independent variables. 
 
<Insert table 2 about here> 
 
Three statistics allow us to control the structural effects or "endogenous forces" of the 
network: the number of network nodes, which coincides with the density in the case of 
asymmetric networks; reciprocity between partners, or if there is a tendency to ask for 
advice from collaborators to whom support is normally given; and finally, transitivity is 
the last "endogenous force" included in the model. The statistic captures the tendency 
towards closed triads, reflecting whether the firms cooperating with a common third are 
more likely to become partners ("friends of friends become friends"). Figure 2 provides 
a brief description and a graphic representation of the specifications used throughout 
this research (Hunter, 2007; Morris et al., 2008).  
 
<Insert figure 1 about here> 
 
Statistical analysis and results 
The architecture of the two networks is similar and overlaps considerably (see Table 3). 
Both of them are compact structures, with the technological network being slightly 
denser (2.4%) and more central (11%). Transitivity is more frequent in the business 
information network, while reciprocal relationships are noticeably higher in the 
technological knowledge one. Graphic representation of both networks supports the 
compactness mentioned. As can be seen in figure 2, the centre of the technological 
network is usually taken up by the larger (diameter of the sphere) suppliers (red). 




<Insert Table 3 about here> 
 
Exponential random graph models are mathematical tools used to study complex 
systems whose exact structures are too complicated to be given in detail. These types of 
models inform, from a series of cross-sectional data, how far, the network observed 
differs from a completely random network. As the observed network responds to a 
stochastic process, the model formulated to explain the behaviour of the network will 
propose a number of hypotheses based on theoretical premises for the specific 
stochastic process (Robbins et al., 2007). The final outcome provides a wide variety of 
network effects, also the parameters obtained from an estimation of maximum 
verisimilitude and Montecarlo chain methods (MCCM). 
 
In our case, these statistical tools help to explain the formation of linkages between 
firms via dyadic dependent and independent processes. In the dependent ones, the status 
of a dyad depends stochastically on the status of the other dyads. On the other hand, in 
independent dyadic processes, the status of the dyad depends on the attributes of the two 
nodes (Handcock et al., 2008). Recently, Broekel and Hartog (2011) showed the 
validity of this type of model when explaining the phenomenon of inter-organisational 
relationships. 
 
<Insert figure 2 about here> 
 
The models displayed in table 4 support our expectations. Within the technological 
knowledge network, the absorptive capacity provides a highly significant positive effect 
(p-value<.05). However, the same variable has no statistical significance in the business 
information network. The combination of both results provides support for the first 
hypotheses (H1). The significance levels of variables relating to previous innovative 
performance support H2. Furthermore, Innovation (Ego) has a negative effect on both 
the technological knowledge network (p-value<.05) and the business information 
network (p-value<.01), corroborating our expectations again according to H2a. In the 
same vein, Innovation (Alter effect) promotes generation of relationships in both 




<Insert table 4 about here> 
 
The sensitivity diagnosis made on the models in table 4 supports the robustness of our 
results. The auto-correlation coefficients among various intervals are close to 0, with the 
exception of the initial one, which always takes the value 1. Moreover, Gewerke 
statistics, which are relatively comparable to a Z statistic, give no significant return for a 
p-value<.1. Although they may provide certain information on the goodness of fit of the 
models, the AIC and BIC measurements were not taken into account, due to the 
dependency of the sampling data (Hunter et al., 2008). Instead, we evaluate the 
goodness of fit of the models by comparing the observed networks with a set of 
simulated networks based on certain statistics (Hunter et al., 2008). To obtain a good 
reality check, all network statistics in the model are used as a basis for comparison 
between the technical and business networks and a series of 100 randomly generated 
networks obtained from the fitted models (Butts, 2011). Results reveal an acceptable fit 
in both the technical and business models, as the observed statistics are near the sample 
median (.5). 
 
Conclusions and implications 
This work was based on the expected complex relationships between company 
characteristics, network typology and endogenous forces, and firm’s relational 
dynamics in a territorial cluster. We assumed that absorptive capacity had a different 
level effect on the creation of inter-business relationships in the technological and the 
business network. On the other hand, we also investigated the causal relationship 
between innovation past trajectory and network dynamics. Our research has attempted 
to shed new empirical evidence on the dynamic evolution of the cluster. In our view our 
paper contributes to the literature in several different ways.  
Firstly, while the absorptive capacity is a key factor in establishing new relationships in 
the technological knowledge network, it does not significantly affect the emergence of 
linkages in our business information network. The tacit profile of technological 
knowledge requires a minimum threshold of resources and capabilities in order to be 
properly internalised and disseminated within the organisation. In contrast, the codified 
knowledge shared in the business network smoothes its indigenisation, reducing the 
relevance of the absorptive capacity when forming links. From a meso-level 
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perspective, we may presume a relative proliferation and easy diffusion of business 
information within the cluster boundaries, especially, when compared to the 
technological knowledge which seems more selectively accessed and disseminated. 
 
The implication of this finding seems evident: a minimal amount of this dynamic 
capability is needed to engage in the technological knowledge network. Companies with 
a low absorptive capacity tend to be left on the side-lines and face greater difficulties in 
accessing valuable technical knowledge. Company managers must be aware of the need 
to cultivate this skill as a key factor for entering a select club able to breathe into the 
organisation the technical knowledge required for innovation. Also, policy makers must 
be aware of this finding. Integrating companies with fewer resources and capabilities 
requires that they enhance their absorptive capacity, and promote permeability of 
technical knowledge through programmes led by local organisations. Such actions not 
only boost innovation in more fragile firms, but also foster cluster's atmosphere of 
innovation by promoting a generalized dissemination of knowledge and better 
integration of weaker units. The limited absorptive capacity required to digest business 
information allows policy makers and practitioners and company managers to moderate 
efforts when just aspiring to capture this codified knowledge. Resources should tilt 
more towards the technological field to achieve a better assignment and greater 
efficiency. Our results for the technological network are in line with previous research 
that highlights the relevance of the firm’s absorptive capacity to explain the network 
dynamics in a cluster (Boschma et al., 2011; Giuliani, 2013). However, unlike these 
previous works, in our contribution we go one step further by also comparing this result 
in the context of the business network. Consequently, this study can be taken as a 
complement to the existing research outcomes on the relationship between absorptive 
capacity and network dynamics.  
 
Secondly, previous innovation performance is an element to bear in mind when 
analysing the creation and dissolution of relationships in an agrifood cluster. When 
there is close geographical proximity, information constantly flows between local 
actors. For example, through casual conversations or coffee meetings, owners and top 
managers share insights or views on how the market is evolving or competitors are 
	
 16 
faring. In this respect, information acquired by co-located firms over time determines 
the network dynamics. 
 
Our analysis of the impact of the innovation trajectory highlights the greater complexity 
of the positive effect on generating the relationships initially expected. The negative 
sign of the Ego effect implies that, the better the previous performance, the less 
likelihood there is of firms seeking information from third parties, while the positive 
sign achieved by the Alter effect reveals that higher innovation is followed by an 
increase in the reception of requests for advice from local firms. To the extent that the 
innovative trajectory can be interpreted as a basic benchmark of the firms’ prestige and 
status, such evidence certainly seems rather consistent and justifiable. Clustered firms 
showing solid record of innovation occupy prestigious positions and attract the interest 
of other co-located units. They are surrounded by an aura that creates expectations 
among the less innovative firms, due to the potential benefits in terms of access to 
crucial knowledge, relative improvement in their own prestige or reduction of costs 
associated with setting up fruitful relationships. On the other hand, from the point of 
view of the top companies, establishing links with less innovative firms may damage 
their advantageous position and jeopardize their resources in building relationships with 
limited returns. Therefore, companies in leading positions tend to be selective when 
choosing collaborators. All these results are consistent with those contributions which 
study the importance of status to shape network dynamics (among others, Boschma et 
al., 2011; Balland, 2012; Giuliani, 2013; Balland et al., 2014). Nevertheless our research 
in our opinion, provides a novel approach of the status from the point of view of the 
innovation past trajectory which enriches the perspective of this construct and 
emphasizes the possibility that innovation is not just a result of networking processes 
but also it can act as an explanatory variable of the network dynamics. Furthermore, our 
study addresses the explanatory capacity of innovation to explain not just the reception 
of requests for advice from local firms (alter effect) as studied by past research, but also 
the establishment of new ties to obtain information from third parties (ego effect). This 
novel approach allowed us to figure out how a firm’s successful innovation trajectory 
divergently influences network dynamics. On one side, it increases the reception of 




The implications are significant from the management perspective. The ability to 
provide valuable knowledge to local firms shapes the access to key actors and the 
effects of an overflow of prestige that this would involve. Company managers aspiring 
to benefit from the creation of ties with local leaders must offer value inputs in order to 
awaken their interest (Harmaakorpi and Niukkanen, 2007). In spite of their impressive 
trajectory, the most innovative actors should keep scanning the local environment in 
search of potential partners and fruitful collaborations in order to remain a step ahead of 
the other local leaders. Policy makers must be aware that removing barriers to 
establishing these asymmetrical relationships can improve the ability to innovate and 
prestige of the cluster as a whole. It seems advisable to deploy measures that minimise 
the risks and costs for leading companies, or widen the knowledge base of the less 
innovative, thus helping to establish beneficial cooperation agreements. 
 
Thirdly, the results confirm our expectations on the evolutionary nature of the genesis 
and relational dynamics in the clusters, as well as the advantages of random graph 
models when assessing the influence of structural forces of the intra-cluster networks 
and the characteristics of the nodes comprising them. The negative coefficient of global 
density is common in networks generated through social processes, and shows that this 
type of structure is less dense than exponential random networks (Broekel and Hartog, 
2011). In addition, the significance attained by the phenomenon of transitivity points 
out a tendency for two indirectly connected firms to directly co-operate. So, the creation 
of closed triads is a driving force in forming the network, since new ties emerge. 
Furthermore, from a systemic point of view, this mechanism acts as a powerful 
instrument of social control, by reducing potential opportunist behaviour and 
reinforcing an atmosphere of cooperation. Finally, reciprocity is not a relevant 
mechanism for the birth of relationships within the cluster. In line with Ahuja et al. 
(2012), this result suggests that the effects of obligations incurred or sense of 
commitment, the reciprocity dynamics, may weaken over time. The thrust generated 
through pre-existent relationships vanishes, and the effect of former systemic structures 
in the current relational reality changes. Managers and policy makers must be aware of 
the advisability of cultivating traditional relationships and the dynamism of network 
structures that have been present for a long time. If not, the high costs and scant benefits 




This paper is not exempt from certain limitations. Although the agrifood cluster 
analysed represents a paradigm case in the Spanish context, its particular features 
pertaining to the product, production process, limited innovative actions and advanced 
position in the life cycle must not be forgotten when extrapolating results. On the other 
hand, the particular conditions of the Xixona’s confectionery industry may have also 
influenced the results obtained. This is especially relevant for the activities developed 
by local and regional associations and research institutes. Institutions and external 
agents through research projects and other activities can enhance collaboration and 
knowledge exchange between firms with different profiles and internal capabilities and 
so influence the pattern of network dynamics. As we have previously stated, the efforts 
made by cluster and regional institutions in order to promote and stimulate Xixona’s 
confectionery industry have been limited and just reduced to the activities developed by 
the Nougat Business Association and the regulatory board. Neither nearby universities 
nor regional technological institutes as AINIA have significantly been involved in 
cluster’s promotion and modernization. This situation could have facilitated the results 
obtained in this research. However, in other contexts where the influence of institutions 
and third parties are more relevant, the pattern of network dynamics and consequently 
our results may differ. Therefore, we must certainly make further studies of business 
clusters with a different profile to enable the trends observed to be corroborated. 
Although we have controlled the existence of bias, data were based on perceptions of 
top managers and business owners. Future research must try to corroborate the results 
through non-subjective indicators. Finally, the methodology used allows speculation on 
the inclusion of new business characteristics that help to achieve a more complete 
picture of the relational phenomenon in specific geographical areas. Extra-cluster 
connections (Bathelt et al., 2004) and the different proximity dimensions (Boschma, 
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Table 1. Characterisation of businesses in the Xixona foodstuffs cluster 
Characteristics Numbers of firms 
Employees  
≤ 10 
10 < X ≤ 25 
25 < X  50 


















Year of creation 






















Public limited company 






Membership of local institutions 
POD (denomination of origin) 










Table 2. Correlation matrix of independent variables observed 
Variables 1 2 3 4 5 
(1) Age 1     
(2) Absorptive Capacity -.114 1    
(3) Position in the value system .548** .262 1   
(4) Innovation (Ego) .001 -.123 -.018 1  
(5) Innovation (Alter) .035 -.107 .043 .363* 1 





Table 3. Descriptions of Technological and Business Networks 
 Technological Network Business Network 
Density .301 .294 
Reciprocity .684 .635 
Transitivity .434 .452 
Centrality .293 .264 
Dyads 1260 1260 
Links 389 370 
Nodes 36 36 
	
	





 B (p-value) B (p-value) 
Density (edges) -2.720*** -2.874*** 
Reciprocity .161 .232 
Transitivity (1) .449*** .465*** 
Age -.012 -.001 
Absorptive Capacity .088** -.018 
Position in the value system -.092 -.083 
Innovation (Ego) -.120** -.222*** 
Innovation (Alter) .191*** .318*** 
AIC 1747 1713 
BIC 1713 1754 
N= 36; ***p< .01; **p< .05; *p< .1 








Figure 1. Endogenous forces in the network: description and visualisation 
 




Figure 2. Visualisation of the technological and business networks 

















 Description Visualisation 
Density Global tendency of the 
companies to ask for 
information  
Reciprocity Tendency for mutual 
exchange of information 
 
Transitivity Global tendency to closed 
triads in the search for 
information by companies 
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